In the last decade there has been an upsurge of studies on international comparisons of Total Factor Productivity (TFP). The empirical evidence suggests that countries and regions differ not only in traditional factor endowments (labour and physical capital) but mainly in productivity and technology. Therefore, a crucial issue is the analysis of the determinants of such differences in the efficiency levels across economies. In this paper we try to assess these issues by pursuing a twofold aim. First, we derive a regression based measure of regional TFP which have the nice advantage of not imposing a priori restrictions on the inputs elasticities; this is done by estimating a Cobb-Douglas production function relationship for 199 European regions over the period , which includes the traditional inputs as well as a measure of spatial interdependences across regions. Secondly, we investigate the determinants of the TFP levels by analyzing the role played by intangible factors: human capital, social capital and technological capital. It turns out that a large part of TFP differences across the European regions are explained by the disparities in the endowments of such assets. This outcome indicates the importance of policy strategies which aim at increasing the level of knowledge and social capital as stressed by the Lisbon agenda. Estimation is carried out by applying the spatial 2SLS method and the SHAC estimator to account for both heteroskedasticity and spatial autocorrelation.
Introduction
Recent empirical literature on economic growth, both at country and regional level, has shown that the differences in the income levels are mainly due to disparities in the Total Factor Productivity (TFP) levels and to a lesser extent to the factors of production. Easterly and Levine (2001) report that more than 90% of the differences in growth rates among nations are explained by TFP rather than traditional factor accumulation. Moreover, a strong stylized fact that emerges from the empirical literature is that regional disparities are larger and more persistent when compared to cross countries differences, at least within the industrialized countries (see Magrini, 2004 for a review).
Since the differences in productivity turn out to depend on the efficiency levels, the attention of economists has been increasingly devoted to search for additional factors which may contribute to account for such disparities 1 . Several explanations for the TFP gap have been put forward, but among them a key role appears to be played by the intangible factors:
human capital, social capital and technology. They create the base of the "knowledge economy" which, in turn, constitutes the most favourable environment to foster the economic performances of countries and regions, as stated by Lisbon declaration in 2000. As a matter of fact, in the industrialized economies the ability to compete in the open markets is increasingly based on production factors like the quality of labour, the degree of cohesion, the level of trust in the society and the accumulation of technological capital. However, there is a lack of systematic studies on the effects of different kinds of intangible assets on the economic performance at the regional level. In a number of studies human capital is often included as a determinant of the efficiency level, other works emphasize the effects of the knowledgecreation process and, only recently, social capital has been considered as a relevant variable in the context of explaining TFP variation across regions.
The main purpose and the novelty of this paper is to assess the effect of three different types of intangible assets on the economic performance at the regional level in Europe.
Ideally, such a purpose would be nicely pursued by augmenting the traditional production function model with proxy variables for the intangible factors. However, for the European regions data on human, technological or social capital are not consistently available for all the regions over the entire sample period considered in this study. To deal with this severe lack of data we adopt the following two-step estimation strategy. First, we derive a measure of the Total Factor Productivity for the European regions by estimating a Cobb-Douglas production 1 Since TFP is estimated using measured inputs, a possible cause of the disparities relies on measurement errors; moreover there may be problems of misspecification of the production function (Caselli, 2005) .
function which includes only the traditional inputs, physical capital and labour. This is done in a panel data context -199 regions over the period 1985-2006 -controlling for spatial dependence, time series non-stationarity and endogeneity. The estimated fixed effects represent an accurate measure of TFP at regional level which is directly derived from the production function estimation without imposing any (untested) restriction on the inputs elasticity parameters. In the second step we provide some interesting new evidence on the role played by intangible assets in determining the regional level of efficiency by including them as regressors in a model for the TFP data obtained in the first stage. It is worth stressing that, to the best of our knowledge, this is the first attempt to estimate "simultaneously" the effects of three different types of intangible capitals on the regional level of productivity.
The paper is organised as follows. In section 2 a detailed description of the data is presented; in section 3 we report and discuss the results for the Cobb-Douglas function estimation and for the derived TFP variable. In section 4 we present the main features of the intangible factors data followed by the discussion on the empirical evidence found on their effectiveness in enhancing regional productivity. Section 5 offers some concluding remarks.
Data descriptive analysis

Spatial patterns
The estimation of the production function relationship is based on a panel of 199
European regions observed over the period 1985-2006 (T=22) ; the regions belong to 15 member countries of the EU15 plus Switzerland and Norway. We follow the NUTS (Nomenclature des Unités Territoriales Statistiques) classification provided by Eurostat and select national and sub-national units, combination of NUTS 0, 1 and 2 levels, characterized by an adequate degree of administrative and economic control (see Appendix 1 for details).
Regional data on value added and labour units are obtained from the Cambridge Econometrics database. A detailed description of the variables used in this study, along with the indication of the sources, is presented in Appendix 2.
In what follows we discuss the geographical pattern of the variables included in the Cobb-Douglas function model. In order to reduce the degree of heterogeneity across regions all the series are rescaled with respect to the population size. 
The capital stock value for the initial year 1984 has been assumed equal to the cumulative sum of investment flows over the ten-years period 1975 -1984 
Testing for cross-section dependence
The presence of spatial dependence, evident in the maps discussed above, is also tested by means of the CD test proposed by Pesaran (2004) and the panel version of the Moran's I test (Kelejian-Prucha, 2001 ).
The CD test is a general test for general cross-section dependence which, has shown by Pesaran (2004) , is applicable to a large variety of panel data models, including stationary and non-stationary dynamic heterogeneous panel with short T and large N, as is the case for the panel of data used in this study. The test is also robust to the presence of multi-breaks in slope coefficients and in the error variance. Correct size and satisfactory power are exhibited by the CD test even in small samples. The test, which is based on the average of the pair-wise correlation coefficients, is calculated as follows: Although the CD test has power against spatial alternatives, we also compute the Moran's I test which is explicitly designed for such a case. The test, which under the null hypothesis is normally distributed, is calculated as: capturing the spatial interconnections among regions, which in our case are measured by the inverse of the distance expressed in kilometres across regions.
The weight matrix W can be normalized in different ways. In most applied studies it is row-standardized, such that each row sum to unity; in this case the impact of all other regions on a particular region i is given by the weighted average of all regions' impacts 3 .
Alternatively, the W matrix can be normalized with respect to a single normalization factor, its largest row sum or its largest characteristic root. In a recent paper Kelejian and Prucha (2009) argue that such a normalization is sufficient, while row-normalization imposes strong restrictions on the spatial process since each row of the W matrix is normalized in a different way.
In this study we apply the largest eigenvalue normalization, which, differently from the row-standardization, has the nice feature that the symmetry of the weights is preserved 4 ;
this is particularly important when W is an inverse distance matrix used to describe a "distance decay" type of economic behaviour, as stated in Anselin (1988) "scaling the rows so that the weights sum to one may result in a loss of that interpretation" 5 .
The result for the CD and the Moran's I test are reported in The CD test provides evidence that significant correlation is present between pairs of regions for all variables, while the Moran's I test suggests that such correlation is most likely due to spatial interdependence among regions. The estimation procedure presented in the next section will deal with this aspect of the data.
Testing for non-stationarity
The possible non-stationarity property of the data is investigated by applying the CIPS test, recently proposed by Pesaran (2007) . The test belongs to the so-called "second generation" of panel unit root tests and has the important advantage to overcome the main limitation of previous tests (see, among others, the widely applied tests suggested by Levin et al., 2002 , Im et al., 1995 , 2003 and Maddala and Wu, 1999 , i.e. the assumption that the individual time series in the panel are cross-sectionally independently distributed; which is a questionable assumption, particularly in the context of cross-country (or region) regressions.
The CIPS test, assuming a factor structure in the errors, deals with the cross-section dependence by augmenting the individual ADF regressions with the cross-section averages of the regressors and of the dependent variable. Consider wishing to test for presence of a unit root in the series y t , of region i, the ADF regression is specified as follows: In this study we apply the truncated version of the test which limits the undue influence of extreme values that could occur when the time dimension is small; the test was calculated for both "intercept" and "intercept and trend" specifications and allowing for the lag order to be at maximum equal to 3 (p=0,1,2,3). The results are reported in Table 2 ; all the variables exhibit a non-stationary kind of behaviour with the exception of the labour variable, but only when p is selected to be equal to 0 or 1. On the contrary, the differenced series are stationary leading us to conclude that a panel unit root is present in the level series 7 .
Measuring total factor productivity
Estimation issues
As already mentioned in the introduction our two step strategy for the estimation of regional total factor productivity starts with the specification of the traditional Cobb-Douglas production function, which includes the conventional inputs, physical capital and labour, for a panel of 199 European region; it is formulated as: We first propose the estimated results of a sort of a "benchmark" model, which is a standard fixed effects model with time dummies of the log-linearized version of the CobbDouglas function reported above, we then propose different specifications of spatial panel models which take explicitly into account the geographical correlation among the European regions, as documented in the previous section.
Before presenting the estimation results in detail, given the non-stationary properties of the data, we discuss the evidence on cointegration tests carried out to check whether a long-run non-spurious relation exists among the variable included in model (2). We perform the well-known cointegration tests developed by Pedroni (1999 Pedroni ( , 2004 on the residuals obtained from the benchmark model; the tests are calculated for both the panel and group ADF and PP versions of the statistics and allowing for the two different specifications of the deterministic components, individual intercepts and individual intercepts and trends. The results reported in Table 3 allow to reject the null hypothesis of no cointegration in all cases considered. As the tests are derived under the assumption of cross-section independence, we also report the results for the series demeaned by subtracting the cross-section averages and for a model including the spatially lagged dependent variable (WY) 8 , which explicitly accounts for the cross-section dependence. The evidence supports the existence of a long-run relationship among the variables included in the Cobb-Douglas production function model.
Note that in this study, in the spirit of Pedroni (1999) , we are interested "in the simple null hypothesis of no cointegration versus cointegration" in order to rule out any spurious 8 In this case we are considering the spatially lagged variable as a variable which helps to explain the variation in the dependent one, rather than a simple left-hand side variable (Elhorst, 2009). correlation among the variables, so we do not address the issue of cointegration vectors normalization; we are assuming that the particular normalization of the variables is the one represented by the production function relationship.
Econometric results
The estimation of spatial panel models is based on the following regression model:
where low capital letters represents the log-transformed variables, a i is the regional fixed effects, which, as will be discussed later on, represent our measure for total factor productivity, Wy it is the spatially lagged dependent variable; we have also included time fixed effects to account for common shocks affecting the pooled regions. As already explained in section 2 the elements of matrix W are the spatial weights which are given by the square of the inverse of distance in kilometres; the matrix is then normalised by dividing each element by the largest characteristic root in order to maintain the symmetry of the distances. The choice to consider the square of the weights was driven by preliminary error diagnostics, the linear weights did not prove adequate to capture the spatial structure present in the data; the square values are supposed to be more informative and more powerful in discriminating between neighbouring and distant regions as they increase the relative weights of the closest ones.
Model (3) above is characterized by an "intrinsic" endogeneity problem arising from the inclusion of the spatial term, which induces a two-way causality in the neighbour relation in space ("each region is the neighbour of its neighbouring regions"). In this case consistent estimators are the ones derived from the maximum likelihood method or from the two-stage least squares (2SLS) one, based on the inclusion of instrumental variables. In the growing empirical literature on spatial models great care has been devoted so far in tackling the endogeneity due to the spatially lagged term while the potential endogeneity of the explanatory variables has often been overlooked, particularly in the panel data context 9 . In this study we attempt to take also into account the endogeneity between output and the production factors which can arise from system feedbacks or measurement errors. As the usual Durbin-Wu-Hausman (DWH) test points out that the stock of capital and (marginally) the labour units can be considered endogenous with respect to value added 10 , we adopt the 2SLS estimation method in order to estimate the single structural equation we are interested in -the production function -without explicitly modelling the entire system relationships causing simultaneity (as in Fingleton and Le Gallo, 2008) .
However, in the context of production function estimation there is clearly a paucity of adequate instruments, it is a very difficult task to find variables that, at the same time, are directly correlated with the explanatory variables but only indirectly correlated with the dependent variable so that they can be excluded from the regression without incurring in the omitted variable problem 11 . Following previous studies, in this work the instruments used for the productive factors are represented by their own values lagged up to two periods.
Following Kelejian and Robinson (1993) and Kelejian and Prucha (1998) , the spatially lagged term is instrumented by the explanatory variables lagged both in time and in space (premultiplied by the W matrix).
The estimation results are reported in Anselin and Kelejian (1997) for the case of IV residuals.
To check the robustness of our results we also estimated model (3) by using a set of alternative instruments constructed by applying the 3-group method proposed by Kennedy 10 Similar results are found when testing for weakly exogeneity of capital and labour within an error correction model framework; only labour can be considered weakly exogenous (the p-value for the null hypothesis that the adjustment term is zero in the labour ECM model is equal to 0.293). 11 This point is also made by Temple (1999) for the case of growth regressions. 12 The test for panel models, recently proposed by , is specified as follows: , where e are the estimated errors and W is the weight matrix; under the null hypothesis the test is asymptotically distributed as a χ 2 (1). Elhorst (2009) points out that its performance has still to be investigated when having panel data instead of cross-section data. 13 We also calculate the panel version of the LM error test proposed by Anselin (1988) for testing for residual spatial autocorrelation in the presence of the spatially lagged dependent variable in cross-section models; the results do not change appreciably e do not affect the results. We also estimate a model which only accounts for the endogeneity of the spatial term (regression 4.IV), in this case by applying the ML method we found that the estimates are much more similar to those obtained for the 4.II regression. Finally, as the estimation of the regional production function is relevant in its own right -beside serving as the base for measuring total factor productivity -we also investigate whether Objective 1 regions exhibit a significantly different performance with respect to the average of the regions; the results point out that, for the same level of capital and labour endowments, the Objective 1 regions show a considerable lower level of production; it is worth noting that in regression 4.VI no fixed effects are included and this results in higher estimated coefficients for both productive inputs while the spatially lagged term is associated with a very low coefficient; this seem to result in a misspecified model with spatially autocorrelated errors as diagnosed by Moran's I test.
For all the estimated models discussed so far we guard against possible heteroskedasticity and remaining spatial correlation by applying the spatial heteroskedasticy and correlation consistent (SHAC) estimator for the variance-covariance matrix, proposed by Kelejian and Prucha (2007) . The estimator is based on a set of assumption that is satisfied for a large class of Cliff-Ord type models and is robust to measurement error in the spatial distance metric. Kelejian and Prucha (2007) , by referring to a cross-section sample of n observations, assume that the error term, u, of a particular Cliff-Ord model with endogenous regressors (in our case we consider a panel spatial lag model, as the one reported in equation (3)), can be represented as u=Rε where ε is a vector of innovations and R is an nxn matrix of unknown elements; this formulation for the disturbance process allow for general unspecified form of correlation and heteroskedasticity. The asymptotic distribution of the IV estimator for the variance-covariance matrix is
, where H is the instruments matrix and Σ(σ ij ) is the variance-covariance matrix of u. Kelejian and Prucha (2007) show that the SHAC estimator for the (r,s)th element of Ψ is: 
, Z is the regressors matrix (including both exogenous and endogenous variables) and
In the case of the models reported in table 4A we chose the Parzen kernel as defined in Andrews (1991) 16 . The bandwidth assumes the following values: 100, 300, 600 and 1200 kilometers; the first is a very short distance, the others distances correspond approximately to the lower decile, the lower quintile and the median of all the regional distances considered.
In 17 All the other results are available from the authors upon request. 18 We also checked the robustness of our results with respect to the kernel function, similar results are obtained when using Bartlett weights (K(x)= 1-|x| for |x|≤1 and zero otherwise) instead of the Parzen ones.
In general the results reported in Table 4A offer further robust evidence on the relevance played by spillovers arriving from neighbouring regions in determining the production performance of the European regions and this, in turn, implies that a more rigorous representation of the spatial pattern present in the data cannot be further neglected.
Total Factor Productivity
From the fixed effects obtained from the estimation of regression 4.II we calculate the total factor productivity for each region which, as known, measures the efficiency in The last panel of map 1 clearly depicts a spatial correlation pattern for the regional values of total factor productivity values across Europe; this is confirmed by the significant value (2.61, p-value 0.009) we found for the Moran's I test. In the following section we investigate the determinants of such spatial correlation within a spatial lag model framework.
The impact of intangible assets on TFP
Intangible assets
The purpose of this section is to assess the impact of the intangible assets on the level of TFP calculated in the previous section for the European regions. As stated in the introductory section, due to the lack of available long time series for variables such as social capital, our analysis, carried out in a cross-section framework, is confined to the year 2004.
More specifically we consider the effects of three types of intangible capitals: social capital, human capital and technological capital. In general, these intangible inputs are supposed to enhance the level of efficiency by creating a more favourable economic environment for firms; for this reason in the Lisbon agenda they are considered strategic in economic growth policies.
A complementary perspective based on micro data considers the intangible assets as part of business investment, like software, R&D expenditure, patents, economic competencies, employee training (OECD Secretariat, 1998) . It is worth noting that Corrado et al. (2006) for the US firms estimate that total business investment in intangibles has roughly the same value of investment in tangible capital, therefore confirming the importance of including intangibles assets as determinants of productivity.
As mentioned in the introduction one of the novelty of this paper is to consider how productivity levels are influenced by social capital, which is an aspect often neglected in economic analyses as pointed out by Coleman (1990) , Temple and Johnson (1998) and Tabellini (2008) , among others. A high level of social capital in a certain area is often associated with widespread trust which, in turn, facilitates cooperation among the members of a community (Guiso et al. 2008 ), a reduction of transaction costs for both firms and consumers (Diani, 2004 ) and a wider diffusion of knowledge (Helliwell and Putnam, 1995) .
All these effects are proved to enhance the economic performance (Knack and Keefer, 1997).
The literature provides several definitions of social capital (Glaeser et al., 2002) ; in general, it is considered as a set of informal norms and values, shared among members of a community, which allow them to cooperate. It is not an easy task to measure a complex phenomenon as social capital. In this paper, based on the broad definition given above, as a proxy for social capital we adopt the notion of social participation measured by the share of population that have taken part at least once in the last 12 months in social activities such as voluntary service, unions and cultural associations meetings over total population. The data at the regional level comes from the European Social Survey. The literature has also emphasized the positive role of human capital on productivity level and growth (Mankiw et al., 1992; Benhabib and Spiegel, 1994) . At the regional level a higher availability of well educated labour forces represents an advantage for the localization of innovative firms thus promoting local productivity (Rauch, 1993) . As a proxy of human capital we use the share of population that has attained at least a university degree (ISCED 5-6) over total population. The inclusion in the production function of R&D expenditure as a direct measure of technology has been originally suggested by Griliches (1979) and afterwards the knowledgecapital model has been used in several contributions at firms level and also extended to macroeconomic models both at regional and country level. The idea is that technology is partly a public good, firms benefit from a higher degree of knowledge capital available in their areas since it leads to an increase in productivity. Recent contributions on the knowledge capital model include Madsen (2008) 
Econometric estimation and results
The effects of intangible assets are assessed by estimating the model specification reported below:
where small letters indicate values in logs; a is the value of total factor productivity in each region in the year 2004 which was derived from regression 4.II in Table 4A ; sk is social capital, hk is human capital and tk is technological capital; i are 199 regions. All variables are normalised to population in order to control for different size of the regions.
Due to potential system feedbacks and measurement errors, endogeneity problems can also be present in model (4); this are tackled by regressing the (log) level of TFP on the (log) level of the intangible asset for the year 2002 and, given that the dependent variable by construction do not exhibit time variability we also used the 3-group method instruments proposed by Kennedy (1992) , as in the previous section. It is worth emphasising that in the case of TFP model the endogeneity issue is expected to be less problematic with respect to the case of the production function model as far as system feedbacks are concerned. From an economic standpoint, feedbacks between the productive inputs and the level of production are supposed to be direct (and stronger); on the other hand, when considering efficiency level the two-causality is reasonably weaker and the transmission channels from efficiency levels and intangible assets appear less clear. However, due to the inclusion of proxy variables, measurement errors remain a potential source of endogeneity.
The results for the TFP spatial lag model estimated by 2SLS are reported in Table   6A 21 . The first column presents the base model, all the intangible assets exhibit positive and significant coefficients: 0.14 for social capital, 0.16 for human capital and 0.07 for technological capital, thus confirming the crucial role played by this kind of productive factors. For the case of Italy this was documented also by Marrocu and Paci (2008) and by Di Giacinto and Nuzzo (2006) , evidence of the positive effects of human capital on Italian regional productivity can be found in Di Liberto et al. (2008) . In order to check for correct specification of the spatial pattern we calculate the IV-Moran test (Anselin and Kelejian, 1997) , already mentioned in the previous section, which is specifically designed for the case of IV estimation. According to the test result no evidence of remaining residual spatial autocorrelation was found. Note that the coefficient of the spatially lagged term is strongly significant and high in value 22 .
In the subsequent regressions 6.II-6.VI we try to assess which is the crucial distance to allow the benefits of one region to spill over the neighbouring ones. We calculate different weight matrices according to the distance selected; we start from a "short" distance of 0-300 km, the no zero links among the regions are therefore only those within such an interval in the unstandardized matrix 23 ; we then consider three more distance ranges, each 300 km wide:
300-600, 600-900 and 900-1200 24 . Although we are aware that the wideness of the interval is completely arbitrary, on the basis of preliminary investigations we believe that we can derive some interesting insights on the spatial pattern of the regional spillovers.
The results for regression 6.II, where we include the four spatially lagged terms disaggregated according to the range distances, reveal that the relevant links are those within a 600 km distance. Only the first two spatially lagged terms are significant. This results is mainly driven by the fact that the weights of the W matrix are the inverse of the square distance, which penalizes interconnections between distant regions. Note also that this specification warrants a high significance to the main explanatory variables; moreover, with respect to the base model, the social capital coefficient increase in value from 0.14 to 0.18, 21 The weight matrix used in the construction of the spatially lagged dependent variable is the same as the one adopted in section 3. 22 Regression 6.I has also been estimated by including the Objective 1 dummy; the results point out that significant differences are present between the two groups of regions; moreover, the inclusion of the dummy variable makes the social capital variable irrelevant, while leaving all the other coefficients significant and of the same order of magnitude. 23 The elements of the matrices used to construct the spatially lagged dependent variable are represented by the inverse of the square distance and each matrix is normalized with respect to its largest eigenvalue. 24 As stated in the previous section 300, 600 and 1200 km correspond roughly to the lower decile, the lower quintile and the median of the regional distances.
while the estimated value of the other two intangible assets decreases only slightly. The
Moran's I test does not signals residual spatial autocorrelation.
To check our results we then re-estimate regression 6.II by including only one spatially lagged term in turn. The evidence provided corroborates the previous finding, as only the 0-300 and the 0-600 lagged terms appear to be significant (regressions 6.III and 6.IV), however note that in the latter case and when considering successive distances (600-900 and 900-1200) the residuals are spatially correlated indicating that the exclusion of the links within the 300 km distance is detrimental for capturing the spatial dependency present in the data. variable is expected to capture the effects of the creation of (new) knowledge on regional TFP; such effects are supposed to be more widespread and less specific, at least with respect to economic efficiency levels, than the ones induced by the patent activity. The coefficient of the knowledge capital variable is of the same order of magnitude as the one associated with technological capital, however its inclusion in the specification makes social capital more productive. This result may be due to possible complementarities between the two assets. A thorough investigation of such complementarities in enhancing efficiency levels is left for future research.
As for the case of panel models, we also calculate the SHAC estimates for the variance-covariance matrix of the empirical models reported in table 6A. Table 6B presents the t-ratios for the main specification, reg. 6.I; all the TFP determinants maintain their significance, thus confirming previous inference and the contribution of intangible assets in determining productivity 26 .
Concluding remarks
The aim of this paper has been twofold. The results for the production function model have confirmed the estimated elasticities already found in previous literature, but in our case these are obtained from an adequately At the best of our knowledge, this paper represents the first attempt aimed at assessing the effects -at the same time -of three kinds of intangible assets on the regional efficiency levels in Europe. The estimated models have provided robust evidence on the role played by technological, human and social capital in enhancing economic growth and social cohesion.
Moreover, the regional TFP levels are considerably affected by spatial spillovers which generate their strongest impacts in the range 0-600 km.
Our results, in turn, stress the importance of policy strategies aimed at accelerating the accumulation of this particular kind of endowments, as put forward in the Lisbon agenda. 
